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Abstract: It is of great significance that making quantitative description and analysis of the cell morphological change to explore
physiological or pathological status of the life. To achieve the cells morphological changes of quantitative description, the
authors constructed a cell deformation model based on microscopic image sequence here. Based on the graph regularisation
and structured matrix decomposition, the high-dimensional shape space is represented by the linear combination of the low-
dimension subshape space, so that the authors get a quantitative indicator which represents the degree of cell deformation–
deformation factor. In order to verify the validity of the authors’ model, a deformation feature extraction experiment was
performed on three groups of stem cell image sequence with different deformation degree. Compared with other three common
quantitative methods of deformation, the authors’ model describes the cell morphological changes more comprehensively, and
has better adaptability and stability for describing the diversity of cell movements.
1 Introduction
Cell morphology is an intuitive manifestation of the physiological
characteristics of life entity, and it is of great significance and
broad application prospect to quantitatively describe and analyse
the relationship between cell morphological changes and
physiological and pathological processes of the human body [1]. In
living cells, the dynamic change of morphology can reflect the
physiological changes of organism. The effects of drugs or certain
pathological processes, such as drug screening, wound healing, and
proliferation of cancer cells, can cause cell morphological changes
[2]. Therefore, the cell deformation model based on microscopic
image sequences is more helpful to reveal the intrinsic relationship
between cell morphological changes and physiological activities
[3].
Cell morphological analysis is an effective tool to solve cell
informatic problems, the quantitative characteristics of which
include geometrical shape, strength, and texture. Paluch and
Heisenberg [4] had discussed the morphological characteristics
during cell growth, division apoptosis processes. Moreover, Keren
et al. [5] had proposed the biochemical and biophysical models of
fish corneal cells to quantitatively analyse cell morphological
changes and kinematic velocity. Mogilner and Keren [6] had
studied the diversity of dynamic behaviour of stromal cells in
different environments and under motion mode. In addition, Jakob
et al. [7] had analysed the degree of DNA damage through
computer vision technique. Xiong and Iglesias [8] had given a
detailed summary of all methods for analysing cell morphological
changes, and suggested that cell morphological changes were the
external characterisation of cellular chemotaxis and function.
A single shape feature descriptor based on target cell region
extraction has been widely used, such as perimeter, area,
eccentricity, roundness, and other scalar characteristics. High-order
shape feature descriptors, such as Fourier descriptors, moments,
and so on, describe Fuin, which can well depict spatial information
of various shapes in many research work; however, the study of
global feature descriptors for the morphological changes of target
cells in image sequences/videos is relatively less. Therefore, based
on microscopic image sequences, the cell deformation factors are
extracted, and the dynamic changes are quantitatively described
and analysed.
2 Cell deformation model
We assume that Xk ∈ ℝN × 2 stands for the coordinate matrix of N
vertexes on target cellular outline, X1, X2, …, XK  suggests the
coordinate set of all vertexes on K target cellular outlines in a
cellular image sequence. Meanwhile, each line of Xk corresponds
to the two-dimensional coordinates of a vertex, and the vertices in
X1, X2, …, XK  of the same line number were homologous. In
addition, Xk = vec Xk ∈ ℝ2N represented the column vector Xk
from converting the matrix Xk with 2N dimension, and the
combination of K Xk was expressed as X = X1, …, XK ∈ ℝ2N × K.
In order to make full use of the relationship between vertices, a
weighted directed graph is G = (ν, ξ, ω) is used to characterise the
correlation between vertices [9], where ν = {1, …, N} represents
the vertex set, ξ = {1, …, N}2 is the edge set, and ω ∈ ℝξ+
represents the weight. The weight ωe of the edge
e = (i, j) ∈ ξ, i ≠ j indicates the correlation between vertices i and
j. The smaller ωe indicates that the correlation between i and j is
smaller.
Cellular outline variation pattern in the deformation factor
matrix Φ ∈ ℝ2N × M is defined as M most significant eigenvectors in
the covariance matrix C = (XXT/K) of cell sample. Therefore, the
vertex coordinate vector Xk of each target cellular outline could be
expressed in the linear form
Xk = Φαk (1)
where the linear coefficient αk ∈ ℝM.
3 The model solution
To solve the optimisation of deformation factor Φ in target
cellular，  outline sequence is to search for deformation factor
Φ = Φ1, …, ΦM  with the greatest significance as well as the
linear coefficient A = α1, …, αK ∈ ℝM × K based on a certain
method in the presence of all known outline vertex coordinates X.
In this way, the deviation between target cellular outline sequence
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is reconstructed using formula (2) and the original target cellular
outline sequence could be minimised
X′ = (Φ)2N × M(A)M × K (2)
In practical applications, we set M < 2N, the sparsity of the
deformation factor Ф is indicated to some extent.
To decompose Φ and A from X, we adopted the loss function
based on square Frobenius-norm to convert the matrix
decomposition problem into the following optimisation problem
min
Φ, A
∥ X − ΦA ∥F2 + Ω Φ, A (3)
where Ω(Φ, A) represents the applying of regularisation term
constraint on Φ and A.
For solving the above optimisation problem, it is assumed that
the optimisation process is based on compact set and the change of
adjacent vertices satisfies the smoothness constraint. Therefore, the
introduction of regular entry further ensures the sparsity of the
deformation factor Ф. Based on the decomposition norm, the
formula (3) can be further represented as
min
Φ, A
∥ X − ΦA ∥F2 + λ ∑
m = 1
M
∥ Φm ∥Φ∥ Am, T ∥A (4)
where ∥ ⋅ ∥Φ and ∥ ⋅ ∥A represent the combined vector norm. For
y ∈ ℝK and z ∈ ℝ2N, ∥ ⋅ ∥Φ and ∥ ⋅ ∥A are, respectively, defined
as
∥ y ∥A = λA∥ y ∥2 (5)
∥ z ∥Φ = λ1∥ z ∥1 + λ2∥ z ∥2 + λG∥ Ez ∥2 (6)
where the ℓ1 norm is used to obtain the sparsity of the deformation
factor Ф.
The third item in formula (6) represents the weighted directed
graph-based ℓ2 norm, which has applied smooth constraint in each
factor. Based on the weighted directed graph-based incidence
matrix, and ∥ E(z) ∥2 stood for
∥ Ez ∥2 = ∑
d ∈ {0, N}
∑
(i, j) = ep
ωep zd + i − zd + j
2
(7)
where ∥ E( ⋅ ) ∥22 indicated the regularisation terms in Laplace
graph [10]. Matrix E is the disperse gradient operator, which could
be represented as E = I2 ⊗ E′, while E′ was expressed as
E′pq =
ωep if q = i for ep = i, j
− ωep if q = j for ep = i, j
0 otherwise
(8)
Meanwhile, E′pq suggested the weighted incidence matrix of
weighted directed graph G = (ν, ξ, ω),and
p = 1, …, ξ , q = 1, …, N, ep ∈ ξ is the pth edge of the graph G.
4 Cell deformation quantitative
The deformation of the contour of cell image sequence can reflect
the corresponding physiological or pathological phenomena of the
organism. Therefore, if we can effectively extract the
characteristics of the morphological changes of the cell images and
make them relate to the physiological or pathological phenomena
of the organism, the parameters describing the dynamic
characteristics of cell shape can be applied to the identification and
classification of the cell lesion pattern.
Stem cell image sequences were derived from the pluripotent
stem cell microscopic image sequence database of VISLab
(Visualization and Intelligent Systems Laboratory), University of
California, and Riverside. Such database included stem cell image
sequences of three different quality categories. Fig. 1 shows the
different image frames of the stem cell image sequence, which
were the 1st, 25th, 50th, and 75th image frames of that image
sequence from the left to the right in order. 
The image sequences of the stem cells were firstly taken as
denoising, deblurring processing, cell tracking, and cell
segmentation, and binary image sequences were obtained. Then,
the contour shapes of these image sequences are extracted, as
shown in the first line of Fig. 2, which shows the result of
reconstructing the cell shape sequence after the deformation factor
and linear coefficient of the cell deformation sequence obtained by
using four different decomposition methods. The first line is the
true cell image sequence of the contour shape (from left to right in
the order of cell image sequence of the 1st, 25th, 50th, 75th
frames), the second line is used in the proposed method to
reconstruct the cell shape sequence, the third line is used the
method of [9] to reconstruct the cell shape sequence, the fourth line
is used the method of [10] to reconstruct the cell shape sequence,
and the fifth line is used the method of [11] to reconstruct the cell
shape sequence. Compared with the other three methods, our
method with the reconstruction effect of the cell shape sequence is
relatively good from the perspective of subjective visual contrast. 
To measure the quantitative difference among different methods
in reconstructing cell morphological sequence, the error results of
each method in reconstructing cellular outline morphological
sequence are shown in Table 1. As could be observed from data in
Table 1, the reconstruction error of each method for the outline
morphology of each frame in cell image slightly fluctuated within
the range of average reconstruction error; with the greatest
fluctuation is 0.0049. This suggested an ideal reconstruction
consistency of all methods. Notably, the sequence reconstruction
error values of the proposed method, methods in [9, 10] and [11],
were 0.1281, 0.1525, 0.2063, and 0.2960, respectively. Thus, it
could be determined that the reconstruction effect of the proposed
method was superior to that of the other three methods. 
5 Conclusion
In this paper, based on microscopic image sequences, the
morphological changes of cells are more accurately quantified, and
the sequence deformation factors are more suitable for the dynamic
description of cell morphological changes than the usual static
shape description methods. The method presented in this paper has
a good distinction between different degrees of cell deformation.
Quantitative description of cell morphological changes combined
with the physiological characteristics of cells. The relationship
between cell physiology and morphological changes can be
established, which is very important to explore the physiological or
pathological process of cells. At the same time, it can be used to
Fig. 1  Image frames of stem cell image sequence
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assist in the detection of abnormal morphological cells, such as
cancer cells, immune rejection cell, and so on, which can provide
an objective reference for early diagnosis.
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Fig. 2  Results of reconstructing the deformation contour of stem cell image sequences with different methods
 
Table 1 Reconstructing errors of deformation contour of stem cell image sequences with different methods
Frames/method Ours Ref. [9] Ref. [10] Ref. [11]
1 0.1272 0.1511 0.2142 0.3016
25 0.1239 0.1602 0.2095 0.2974
70 0.1276 0.1541 0.1999 0.2951
75 0.1336 0.1445 0.2063 0.2899
average 0.1281 0.1525 0.2075 0.2960
 
J. Eng., 2018, Vol. 2018 Iss. 16, pp. 1587-1589
This is an open access article published by the IET under the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/3.0/)
1589
